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1The Impact of Macroeconomic Uncertainty
on Cash Holdings for Non–Financial Firms
Abstract
This paper investigates the eﬀects of macroeconomic volatility
on non–ﬁnancial ﬁrms’ cash holding behavior. Using an augmented
cash buﬀer–stock model, we demonstrate that an increase in macroe-
conomic volatility will cause the cross–sectional distribution of ﬁrms’
cash–to–asset ratios to narrow. We test this prediction on a panel of
non–ﬁnancial ﬁrms drawn from the annual COMPUSTAT database
covering the period 1970–2000, and ﬁnd that as macroeconomic un-
certainty increases, ﬁrms behave more homogeneously. Our results are
s h o w nt ob er o b u s tt ot h ei n c l u s i o no ft h el e v e l so fs e v e r a lm a c r o e c o -
nomic factors.
Keywords: Cash holdings, macroeconomic uncertainty, panel data, time
series, ARCH, non–ﬁnancial ﬁrms.
21 Introduction
Some recent quotations indicate that non–ﬁnancial ﬁrms maintain very large
cash holdings. For example, Apple Computer reported in October, 2002:
“For the year, the Company reported net earnings of $65 million on revenues
of $5.74 billion, compared to a net loss of $25 million on revenues of $5.36
billion in 2001... We were extremely pleased with our ability to achieve our
revenue target for the fourth quarter while reducing channel inventory to a
normal level... Continued strong asset management enabled us to maintain
a solid balance sheet with over $4.3 billion in cash...”1
Kester (1986), studying a sample of 452 US ﬁrms in 1983, reported that
their average ratio of cash plus marketable securities to total assets is 8.6%;
later Kim et al. (1998) reported an average of 8.1% for a sample of 915 US
industrial ﬁrms over 1975–1994. Harford (1999) indicated that the largest 25
percent of US nonﬁnancial corporations held an average of eight percent of
their assets in cash reserves, citing that “cash represents 20 percent or more of
the equity values of many well–known companies, such as IBM and Chrysler”
(1999, p. 1971). In our sample of COMPUSTAT ﬁrms, the average cash–
to–asset ratio for all non–ﬁnancial ﬁrms over the last 31 years is 10.5% with
a signiﬁcant diﬀerence between large and small ﬁrms’ ratios: 7.0% versus
13.5%, respectively.
Why do ﬁrms hold these sizable levels of liquid assets? Over the years,
many researchers have asked similar questions and provided various expla-
nations. One potential explanation is that cash provides low–cost, assured
ﬁnance in a world with ﬁnancial market imperfections and failures. There-
fore, ﬁrms would want to hold cash far in excess of their transactions needs
1Citation (emphasis added): Fred Anderson, CFO, in Apple Computer Inc. press
release, 16 October 2002, http://www.apple.com/pr/library/2002/oct/16earnings.html
3to mitigate the eﬀects of unfavorable changes in interest rates or restrictions
on their access to credit. In essence, these high levels of liquid assets may be
viewed as options purchased by the ﬁrms’ managers that may be exercised in
adverse times (via drawdowns) to ensure the long–term survival of the ﬁrm
as a going concern.
In search of an answer to the question of ﬁrms’ apparent “excess liquid-
ity”, research carried out by Opler, Pinkowitz, Stulz and Williamson (1999),
Faulkender (2002) and Ozkan and Ozkan (2004) has focused on the role of
ﬁrm–speciﬁc characteristics such as leverage, growth opportunities, cash ﬂow,
and cash ﬂow uncertainty.2 They found that small, non–rated ﬁrms and ﬁrms
with strong investment opportunities and riskier cash ﬂows hold more cash.
One can interpret these ﬁndings to suggest that ﬁrms facing a high degree
of asymmetric information are likely to hold more cash because of potential
diﬃculties in their access to external ﬁnancing.
In addition to ﬁrm–speciﬁc variables, macroeconomic aggregates could
be an important determinant of ﬁrms’ cash–holding behavior and one that
has received little attention in previous research.3 In this paper, we aim
to contribute to the literature on corporate cash holdings by arguing that
volatility in macroeconomic conditions would aﬀect managers’ determination
of the appropriate level of liquid asset holdings. Hence, a ﬁrm facing higher
uncertainty in its cash ﬂows may ﬁnd it optimal to augment its liquid assets,
in the form of cash, in order to oﬀset the adverse eﬀects of negative cash
2Other related papers include Almeida, Campello and Weisbach, (2004) and Dittmar,
Mahrt-Smith and Servaes (2003). Also see Mikkelson and Partch (2003) who investigate
linkages between sizable cash holdings and ﬁrm performance.
3One exception is the work of Almeida et al. (2004), which examined ﬁrms’ cash
ﬂow sensitivity of cash holdings over the business cycle. Additionally, views of a broad
“credit channel” have considered the sensitivity of ﬁrms’ net worth and creditworthiness
to macroeconomic factors.
4ﬂow shocks.4 We expect that changes in macroeconomic stability will trigger
adjustments in ﬁrms’ liquid asset holdings as managers react to changes in
economic conditions. Naturally, this would in turn generate variations in the
cross–sectional distribution of corporate cash holdings.
To explore the eﬀects of macroeconomic uncertainty on ﬁrms’ cash hold-
ing behavior, we construct a simple cash–buﬀer model augmented with a
signal extraction framework. The model generates a testable hypothesis:
one should observe a negative link between a measure of macroeconomic
uncertainty and variation in the cross sectional distribution of ﬁrms’ cash–
to–asset ratios. Increasing macroeconomic uncertainty will hinder managers’
ability to accurately forecast future cash ﬂows. Given that all managers are
faced with a similar problem, they will react homogeneously, causing the
dispersion of the cross–sectional cash–to–asset ratio to fall. Conversely, in
times of greater macroeconomic stability, managers will be able to produce
more accurate forecasts of cash ﬂows, allowing them to have more latitude
to behave idiosyncratically, leading to a broadening of the cross–sectional
dispersion of ﬁrms’ cash–to–asset ratios.
Our modeling and empirical strategy diﬀer from the prevalent approach
that links the level (or the changes) of ﬁrms’ cash holdings to various ﬁrm–
speciﬁc characteristics in order to explain the cash holding behavior for the
representative ﬁrm. Our analytical model does not yield a signable predic-
tion of the eﬀect of macroeconomic uncertainty on the level of a ﬁrm’s cash
holdings. However, it allows one to understand the cash holding behavior of
the entire group of ﬁrms under scrutiny rather than that of the representative
ﬁrm. Although they diﬀer, these two methodologies are not contradictory;
rather, they are complementary analyses. Our strategy also diﬀers from that
4We use the terms macroeconomic volatility and macroeconomic uncertainty inter-
changeably in this paper.
5of much of the literature by allowing us to study the much–debated (but
never properly tested) hypothesis that macroeconomic uncertainty aﬀects
ﬁrms’ cash holding behavior. To ascertain the impact of macroeconomic un-
certainty on the cross–sectional distribution of ﬁrms’ cash–to–asset ratios,
we utilize a panel of non–ﬁnancial ﬁrms obtained from the COMPUSTAT
database over the 1970–2000 period. Our data set contains over 125,000
ﬁrm–years, with an average of 4,125 ﬁrms per annum.5
We can summarize our results as follows. The data yield a clear nega-
tive relationship between the variance of the cross–sectional distribution of
non–ﬁnancial ﬁrms’ cash–to–asset ratios and a proxy for macroeconomic un-
certainty: the conditional variance of real gross domestic product. In our
regression analysis, we incorporate several additional variables to gauge the
robustness of our ﬁndings and guard against potential misspeciﬁcation of the
model. Our analysis provides evidence that macroeconomic uncertainty is a
determinant of corporate cash holding behavior, and that this relationship is
robust to inclusion of these variables.
The rest of the paper is constructed as follows. Section 2 presents a simple
model of the inﬂuence of macroeconomic uncertainty on the optimal cash
holdings of non–ﬁnancial ﬁrms. Section 3 describes the data and discusses
our results. Finally, Section 4 concludes and gives suggestions for further
research.
5Considering the fact that the COMPUSTAT database covers the strongest and the
largest ﬁrms in the US economy, generalizing our observations as typical of corporate
behavior might be considered reasonable.
62 Cash holdings under uncertainty
It is well known that some non–ﬁnancial corporations hold signiﬁcant amounts
of cash equaling a considerable fraction of their annual turnover.6 Recent re-
search (for instance, Ozkan and Ozkan (2004) and the references therein) has
emphasized the importance of ﬁrm–speciﬁc characteristics as a determinant
of ﬁrms’ cash–holding behavior. However, the macroeconomic environment
within which ﬁrms operate could be an equally important determinant. For
instance, in March, 2001, Business Week reported: “So with the economy
stalling and fears of recession rising, executives are becoming more concerned
about protecting the cash they’ve got. ‘People are more conservative than
they were a year ago,’ says Charles G. Ward III, co-head of investment bank-
ing at Credit Suisse First Boston. ‘CEOs and CFOs are making sure they
have bank lines and cash, and they want to make sure capital expenditures
don’t outstrip their cash-raising capability.’ Adds Richard H. Brown, CEO
of technology–services giant Electronic Data Systems Corp.: ‘Cash is king
now.’ ”7 This quotation suggests that managers, ﬁnding it diﬃcult to gauge
their ﬁrm’s future cash ﬂows in a context of increasing macroeconomic un-
certainty, may decide to augment their ﬁrms’ cash holdings as a precaution.
Conversely, macroeconomic stability provides managers with the ability to
more accurately forecast their ﬁrms’ future cash ﬂows and will give them the
latitude to behave more idiosyncratically.
One recent study evaluates the eﬀects of macroeconomic conditions on
cash holdings. Almeida et al. (2004) investigate how macroeconomic shocks
6One may recall a well publicized dispute in 1996 between Robert J. Eason, the Chair-
man of Chrysler Corporation, and the investor Kirk Kerkorian over the latter’s proposal for
the distribution of cash and marketable securities in excess of $7.5 billion to shareholders
in the form of share repurchases and dividends.
7Citation: Business Week, 12 March 2001. “In Today’s Corporate America, Cash Is
King.” http://www.businessweek.com/magazine/content/01 11/b3723021.htm.
7aﬀect ﬁrms’ cash ﬂow sensitivity of cash holdings. They ﬁnd that ﬁnancially
constrained ﬁrms’ cash ﬂow sensitivity increases during recessions, while ﬁ-
nancially unconstrained ﬁrms’ cash ﬂow sensitivity is unaﬀected by the busi-
ness cycle. But to our knowledge, there is no study which explicitly considers
the inﬂuence of macroeconomic uncertainty on ﬁrms’ demand for liquidity.8
In this paper, we argue that a ﬁrm facing higher uncertainty in its cash
ﬂows may ﬁnd it optimal to augment its cash holdings for precautionary
reasons.9,10 Given that all managers are faced with a similar problem, ad-
justments in liquid assets in response to variations in the macroeconomic en-
vironment will in turn generate predictable variations in the cross–sectional
distribution of corporate cash holdings. To provide a basis for our hypoth-
esis and our empirical work, we present a basic cash buﬀer–stock model
augmented with a signal extraction framework. For tractability, our model
only contains the basic building blocks required to link the dispersion of
ﬁrms’ cash–to–total assets ratio to macroeconomic variability. In our empiri-
cal work, we incorporate several additional variables to gauge the robustness
of our ﬁndings and guard against potential misspeciﬁcation of the model.
2.1 The model
A straightforward cash buﬀer–stock model augmented with a signal extrac-
tion framework, where a non–ﬁnancial ﬁrm’s manager adjusts her cash hold-
8In a related context, Beaudry, Caglayan and Schiantarelli (2001) investigated the
eﬀects of monetary uncertainty on ﬁrms’ ﬁxed investment behavior, while Baum, Caglayan
and Ozkan (2004) considered the eﬀects of macroeconomic uncertainty on commercial
banks’ lending activity.
9The precautionary motive requires that a ﬁrm will accumulate cash to meet unantic-
ipated contingencies that may arise.
10Some authors have also suggested that “excess liquidity” may reﬂect a speculative
motive, allowing ﬁrms to take advantage of proﬁtable future investment opportunities. If
ﬁrms face higher costs of external ﬁnance, positive “excess liquidity” may also reﬂect this
motive (Kim, Mauer and Sherman (1998, p. 336); Harford (1999, p. 1969)).
8ings to minimize the expected costs of cash management, implies that the
manager will alter her cash holdings in anticipation of variations in macroe-
conomic shocks.11 Initially, we assume that the ﬁrm’s cash ﬂow is uniformly
distributed, while the upper and lower bound of the distribution are known
to the manager and are identical across all ﬁrms. We show that the op-
timal amount of cash holdings will crucially depend on the bounds of the
distribution, as well as the opportunity cost of holding cash and the cost
of borrowing. Next, we allow these bounds to be subjected to a random
shock.12 Augmenting the basic model with a signal extraction framework,
we then show that the manager’s ability to accurately predict future cash
ﬂow is important.13 Using this aspect of the model, we link the variance of
the cross–sectional distribution of ﬁrms’ cash–to–asset ratios to macroeco-
nomic uncertainty leading us to an unambiguous negative link between the
two variables: a hypothesis that may be empirically tested.
2.1.1 The basic cash buﬀer–stock model
Assume that in each period, ﬁrm i receives an uncertain amount of net cash
ﬂow between time t and t + 1, drawn from a uniform distribution with an
upper bound H, and a lower bound, L = −H. The manager of the ﬁrm,
seeking to continue its operations, would want to hold an optimal amount
of cash buﬀer for precautionary reasons, which involves an opportunity cost
of r1 percent. If there is a negative cash ﬂow shock that exceeds current
cash holdings, the ﬁrm has to borrow from an external source to meet its
11Models developed by Whalen (1966), Schnure (1998), and Frenkel and Jovanovic
(1980) motivate our analytical approach.
12This assumption provides that cash holdings across ﬁrms are no longer identical.
13Our approach is a variant of the island model used by Lucas (1973) highlighting the
manager’s cash holding decision as a signal extraction problem, seeking to separate local
from global shocks.
9obligations at a higher interest rate of r2 percent. We assume that r2 >r 1,
and possibly r2 >> r1 due to ﬁnancial frictions. Here, a ﬁrm holding a cash
buﬀer of Ci faces the following three possible outcomes.
First, the net cash ﬂow of the ﬁrm could be positive, so that the ﬁrm
merely faces the opportunity cost of holding Ci
14
COST1 = Cir1, (1)
with probability P1 = H
2H = 1
2.
Second, the ﬁrm could face a negative cash shock (CFi) of a magnitude
up to Ci. The cost now includes the opportunity cost of holding the cash
buﬀer as well as the cost of replenishing it:




which occurs with a probability of P2 =
Ci
2H.
Finally, as the third case, the ﬁrm may not have enough cash to cover the
negative shock and has to borrow from external sources at a higher interest
rate to remain solvent:15
COST3 = Cir1 + Ci − (E(CFi|−H<C F i < −Ci)+Ci)(1 + r2)=




(1 + r2). (3)
In this case, the ﬁrm bears the full opportunity cost Cir1 and must fully
replenish its cash buﬀer to the optimal level Ci. Furthermore, the ﬁrm bor-
rows an additional amount from an external source at the gross interest rate
(1 + r2), with a probability of P3 =
H−Ci
2H .
14Any unused cash is assumed to be distributed back to the shareholders in the form of
dividends or share repurchases.
15To simplify the argument, we do not consider the likelihood of liquidation and assume
that the ﬁrm can always borrow from an external source. Since in the empirical imple-
mentation we work with large, publicly traded ﬁrms, this should be generally reasonable.
10Therefore, given all possible costs associated with holding cash as ex-
pressed in equations 1–3, the manager of the ﬁrm would want to minimize
its total expected cost, ECOST = COST1P1+COST2P2+COST3P3, which
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2H
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(r2 − 2r1). (5)
Observe that the optimal cash buﬀer for each ﬁrm depends positively on
the ﬁxed bound, H, of the distribution from which cash ﬂow is drawn and
the interest rate for external funds, r2 and negatively on the opportunity cost
of holding funds captured by r1. Note that the ﬁrm is guaranteed to have
positive cash holdings if r2 > 2r1. Also note that when the managers have
full information on the bounds of the cash ﬂow distribution, each ﬁrm holds
an identical amount of cash. However, in real life, this is hardly the case.17
2.1.2 The augmented cash buﬀer–stock model
Let us now assume that each ﬁrm experiences a random shock to their cash
ﬂow of the size  i,t. In this context,  i,t represents the level of uncertainty of
net disbursements that is faced by each ﬁrm, implying that the bounds of the
cash ﬂow distribution will now be random. We assume that  i,t is distributed





2H > 0, conﬁrms that we have a minimum.
17One can argue that in reality interest rates faced by each ﬁrm will diﬀer across ﬁrms
leading to diﬀerences across ﬁrms with respect to their cash buﬀer. In the next section
we will provide another rationale for this heterogeneity without resorting to (generally
unobservable) ﬁrm–speciﬁc costs of borrowing.
11normally with mean 0 and variance σ2
 ,t across all ﬁrms.18 We should point
out that variations in σ2
 ,t are observable, as the overall risk of production
and marketing in the industry may be gauged, but a ﬁrm manager does not
know what her draw from this distribution will be at a point in time. We
also assume that  i,t is orthogonal to  j,t: each ﬁrm has a speciﬁc output
line with diﬀerent risk structures, and the random components of cash ﬂow
across ﬁrms are not correlated. Hence, the upper bound of the cash ﬂow for
each ﬁrm i will be equal to Hi,t = H +  i,t.
In a world with no ﬁnancial frictions, the manager of the ﬁrm would be
interested in minimizing the cost of expected cash holdings as ﬁnding new
funds when required would not constitute any problem. However, due to
ﬁnancial market failures induced by uncertainty, such as moral hazard and
adverse selection problems, ﬁrms invest in private information to achieve an
optimal cash buﬀer.19 We assume that the manager of each ﬁrm observes
a noisy signal in the form of Si,t =  i,t + νt on  i,t, where νt denotes noise,
which is normally distributed as νt ∼ N(0,σ2
ν,t) and independent of  i,t.N o t e
that although each ﬁrm manager observes a diﬀerent signal, the noise compo-
nent of the observed signal in all cases is identical.20 The noise in the signal
is assumed to reﬂect macroeconomic uncertainty, in the sense that a larger
variance of νt makes the manager unable to accurately predict the bounds
of the distribution, as would higher uncertainty in the economy. Contrar-
ily, greater stability of macroeconomic conditions would allow one to make
accurate predictions of the bounds of the distribution.
18This approach captures the idea that probability of observing small shocks is higher
than that of larger ones.
19During times of high uncertainty, ﬁrms generally face a rising cost of external ﬁnance
due to capital market imperfections and depend more heavily on internally generated
funds.
20It is possible to assume that each ﬁrm observes a private signal with a diﬀerent noise
level. This assumption would lead to a more complicated analysis with little added insight.
12By employing the above framework, we assume that the manager takes
all available information into consideration before making any decision to
minimize the cost of holding a cash buﬀer–stock. Although the manager can
still make suboptimal decisions (as the information content of the signal tends
to change over time), the presence of the additional information contained in
Si,t makes it possible to improve upon the na¨ ıve prediction of a zero value for
 i,t. After conditioning upon the signal Si,t, the manager forms an optimal






ν,t. We assume that the ﬁrm manager cannot observe σ2
ν,t, but
rather that she may form an optimal forecast of that quantity. For instance,
although we have not speciﬁed a law of motion for σ2
ν,t, it is plausible to
model its variation over time as a low–order GARCH process. Therefore,
substituting for Et(Hi,t|Si,t)=H + λtSi,t, we can modify equation (5) as:
E(Ci,t|Si,t)=( H + λtSi,t)(
r2 − 2r1
r2
)=kH + kλtSi,t, (6)
where k =( r2−2r1
r2 ) > 0, so that optimal cash holdings Ci,t a r ep o s i t i v ea sl o n g
as r2 > 2r1. The diﬀerence of this new optimal cash level and that given in
equation (5) is in the addition of the second term: kλtSi,t. As macroeconomic
uncertainty increases, λt will diminish so that there will be no diﬀerence
between the two equations. However, if the economic environment is stable,
then the manager will be better oﬀ using equation (6).
As intuition would suggest, although any change in macroeconomic un-
certainty (as captured through the variance of the noise in the signal σ2
ν) will
have an impact on the optimal cash buﬀer, we cannot sign the overall eﬀect
on the ﬁrm’s level of cash holdings as it contains the idiosyncratic signal
Si,t. Nevertheless, using equation (6), we may examine the cross–sectional





 ,t + σ4
ν,t
, (7)
to investigate the eﬀects of the time variation in the variance of macroeco-
nomic uncertainty σ2
ν for it is this variance that reﬂects ﬁrm managers’ ability
to forecast the optimal cash buﬀer.21 As shown in equation (8) below, when
the macroeconomic environment becomes less predictable or “noisier” (i.e.,
when σ2










 ,t + σ4
ν,t)2 < 0( 8 )
The negative relationship between macroeconomic uncertainty and the cross–
sectional variation of ﬁrms’ cash–to–asset ratios can be explained as follows.
During tranquil periods (when σ2
ν,t is low), each ﬁrm responds more accu-
rately to shocks hitting the cash ﬂows (H +  i,t)a sm a n a g e r sc a nb em o r e
clearly identify the necessary amount of cash buﬀer in this environment in
comparison to more turbulent times. Hence, as ﬁrms behave more idiosyn-
cratically, the cross–sectional distribution of cash buﬀer should widen. Con-
trarily, during times of uncertainty (when σ2
ν,t is high), the actual shocks
to the cash ﬂow of each ﬁrm will be harder to predict. Under these con-
ditions, as ﬁrm managers would have greater diﬃculty identifying the true
cash ﬂows, they will behave more homogeneously leading to a narrowing of
the cross–sectional distribution of cash buﬀer.
To provide support for our hypothesis as displayed in equation (8), we
investigate the link between macroeconomic uncertainty and changes in the
cross–sectional distribution of the cash–to–asset ratio for U.S. non–ﬁnancial
21Recall that νt does not vary across ﬁrms. Hence, (7) follows.
14ﬁrms considering the following reduced form relationship
Dispt(Cit/TAit)=β0 + β1τ
2
t +  t, (9)
where Dispt(Cit/TAit) is a measure of the cross–sectional dispersion of ﬁrms’
cash–to–asset ratio at time t,a n dτ2
t stands for the measure of macroeco-
nomic uncertainty at time t. We claim that the heterogeneity exhibited by
non–ﬁnancial ﬁrms’ behavior will be negatively related to macroeconomic
uncertainty. Hence, we would expect to ﬁnd a negative sign on β1 if greater
macroeconomic uncertainty was associated with a smaller dispersion of ﬁrms’
cash–to–asset ratio.
In the model we derive heterogeneous behavior across non-ﬁnancial ﬁrms
from purely stochastic elements. However, in reality we might expect that
diﬀerent classes of ﬁrms respond diﬀerently to shocks. In our empirical analy-
sis, we consider subgroups of ﬁrms with various deﬁning characteristics (size,
growth rate, ﬁnancial constraints, factor intensity) to verify this expectation
in a panel data context.
2.2 Identifying macroeconomic uncertainty
In order to test our hypothesis of a negative relationship between the cross–
sectional variance of ﬁrms’ cash–to–asset ratio and macroeconomic uncer-
tainty, we must provide a proxy that captures the state of the macroeconomy.
To provide such a proxy we compute the conditional variance of a monthly
measure of real gross domestic product as a measure of overall macroeco-
nomic activity.22 The conditional variance of real GDP is well suited for
22Alternatively, some researchers suggest using a moving standard deviation of the
macroeconomic series while others propose using survey–based measures based on the
dispersion of forecasts. The former approach suﬀers from substantial serial correlation
problems in the constructed series while the latter potentially contains sizable measure-
ment errors.
15our purposes to measure the stability of the macroeconomy.23 Therefore, we
rewrite equation (9) in the following form:
Dispt(Cit/TAit)=β0 + β1ˆ ht +  t, (10)
where ˆ ht denotes the measure of macroeconomic uncertainty, captured by
the conditional variance of real GDP evaluated at time t. The advantage of
this approach is that we can relate the behavior of cash holdings directly to
a measurable variable for economic uncertainty.
Our proxy for macroeconomic uncertainty is derived from quarterly real
GDP (International Financial Statistics series 99BRZF). We generated the
monthly GDP series via the proportional Denton procedure dentonmq using
the index of industrial production (which is available at a monthly frequency)
as an interpolating variable (see Baum, 2001). We ﬁt a generalized ARCH
(GARCH(2,2)) model to the deviations of the imputed monthly GDP series
from an exponential trend, where the mean equation is an AR(1) model with
ARMA(1,1) errors.24 The conditional variance derived from this GARCH
model, averaged to annual frequency, is then used as our measure of macroe-
conomic uncertainty (ˆ ht).25
23In our analysis, we also use the conditional variance of industrial production as a
proxy for uncertainty. Since the real GDP measure captures overall economic activity, we
present only those results.
24Details of the estimated GARCH model are provided in Appendix B.
25Since ˆ ht is a generated regressor, potentially measured with error, we employ a gen-
eralized method of moments (GMM) instrumental variables estimation technique. Tests
of the orthogonality of the generated regressor to the error (the “diﬀerence in Hansen J”
or “C” statistic: see Baum, Schaﬀer and Stillman (2003, pp. 20–24)) reject their null
hypothesis in almost every case. In contrast, the overidentifying restrictions are generally
accepted following the GMM–IV estimation.
163 Empirical ﬁndings
3.1 The data
The COMPUSTAT Industrial Annual database of U.S. non–ﬁnancial ﬁrms
is used for testing our hypothesis. It covers on average 4,125 ﬁrms’ annual
characteristics from 1970 to 2000. The ﬁrms are classiﬁed by four-digit Stan-
dard Industrial Classiﬁcation (SIC) code. We consider all ﬁrms outside of
one–digit codes 6 (ﬁnance, insurance and real estate) and 9 (government en-
terprises), and two–digit code 49 (utilities). We utilize COMPUSTAT data
items Cash (data1) and Total Assets (data6) to construct the Cash–to–Asset
ratio.26 In order to evaluate the severity of ﬁrms’ ﬁnancial constraints, we
compute the dividend payout ratio as data21
data13−data15−data16, where those data
items are deﬁned in the Appendix. Our analysis is carried out in a panel
data context, where the unit of observation is taken to be the one–digit SIC
category, observed annually. Thus, the dispersion in the cash–to–asset ratio
is computed from the ﬁrms within each one–digit SIC category each year,
generating a maximum of 196 industry–year observations.
We apply a number of sample selection criteria on our original sample of
173,592 ﬁrm–years. First, we marked non–positive values of cash and total
assets as missing. Second, we considered that values of the cash–to–asset
ratio beyond three standard deviations from the mean were implausible; this
only aﬀected 5,352 ﬁrm-years, placing an eﬀective upper bound on the cash–
to–asset ratio of 0.72. Third, our model should be applied to ﬁrms who have
not undergone substantial changes in their composition during the sample
period (e.g., participation in a merger, acquisition or substantial divestment
should be disqualifying). Since we do not directly observe these phenomena,
26Empirical results obtained using an alternative measure, the Cash–to–Non–Cash–
Asset ratio, are qualitatively similar and available upon request.
17we calculate the growth rate of each ﬁrm’s real total assets, and trim the
annual distribution of this growth rate by the 10th and 90th percentiles to
remove ﬁrms exhibiting substantial changes in their scale. Fourth, we wish to
exclude ﬁrms in clear ﬁnancial distress or those facing substantial liquidity
constraints. We consider two consecutive years of negative cash ﬂows as
an indicator of these conditions. Where these appear, we remove them as
well as the prior and subsequent cash ﬂows from the sample. These screens
collectively reduced the sample to 127,929 ﬁrm–years.27 Descriptive statistics
for the annual means of cash–to–asset ratios are presented in Table 1. From
the means of the sample we see that ﬁrms hold over 10 percent of their total
assets in cash.
In our analysis of subsamples of ﬁrms, we focus on the applicability of the
general model to a group of like ﬁrms rather than testing for diﬀerences be-
tween groups of ﬁrms, which would necessitate the imposition of constraints
across those groups. Furthermore, our groupings are not mutually exhaus-
tive, but designed to identify ﬁrms which are strongly classiﬁed as, e.g., large
or high–growth ﬁrms. Thus, a strategy based on category indicators would
not be appropriate, since many ﬁrms will not fall in the group deﬁned by
either extreme.
In our analysis, we ﬁrst investigate the behavior of large and small ﬁrms.
A ﬁrm is considered to be LARGE if its total assets are above the 90th
percentile by year, and SMALL if its total assets are below the 25th percentile
for that year.28 There are signiﬁcant diﬀerences in behavior between large
27Empirical results drawn from the full sample yielded qualitatively similar ﬁndings;
we prefer to use the screened data to reduce the potential impact of outliers upon the
parameter estimates. We also carried out the analysis using a longer data set covering the
period between 1950–2000. Obtained results were qualitatively similar to those we report
in this paper and are available from the authors.
28These asymmetric bounds have been chosen, given the highly skewed distribution of
ﬁrms’ assets, in order to roughly equalize the number of ﬁrm–years in each category.
18and small ﬁrms, with large ﬁrms’ average cash–to–asset ratio 6.5 percentage
points lower than that of small ﬁrms. This can be explained by the fact
that large ﬁrms have easier access to external ﬁnancing, and they may face
economies of scale in cash management.29
We categorize ﬁrms into high–growth and low–growth categories, deﬁning
ﬁrms as above the 75th percentile and below the 25th percentile of the annual
distribution of the growth in real total assets, respectively. We ﬁnd that high–
growth ﬁrms hold, on average, 3.6 percentage points more cash relative to
total assets than do low–growth ﬁrms.
We also analysed the distinction between ﬁrms that might be consid-
ered ﬁnancially constrained and those that might be considered ﬁnancially
unconstrained. Following the literature, we used the dividend payout ratio
as a measure of ﬁnancial stringency, deﬁning those ﬁrms which lay below
the 25th percentile of the annual distribution—or those ﬁrms paying zero
dividends—to be ﬁnancially constrained.30 We deﬁned those ﬁrms above the
75th percentile of the annual distribution of the dividend payout ratio to
be ﬁnancially unconstrained. We ﬁnd that the average cash–to–asset ratios
of ﬁnancially constrained and unconstrained ﬁrms diﬀer by 1.3 percentage
points, with the latter ﬁrms holding more cash.
We classify our manufacturing ﬁrms’ (sic2x and sic3x) factor utilization
29Some researchers, for example Almeida et al. (2004), classify large ﬁrms as ﬁnancially
unconstrained, following Gilchrist and Himmelberg (1995). However, our categorization
does not necessarily imply that ﬁrms in the large category are free from ﬁnancial con-
straints. For our dataset, using the dividend payout ratio as the criterion, only 9,322 of
127,302 ﬁrm–years appear as both large and unconstrained (see below).
30It is possible to use alternative criteria to measure ﬁnancial constraints along the lines
of Almeida et al. (2004). Due to space constraints we speciﬁcally concentrate on the
dividend payout ratio. As those authors note, the distinction that ﬁnancially constrained
ﬁrms have signiﬁcantly lower payout ratios follows from Fazzari et al. (1988), among others.
However, there is a notable trend toward lower dividend payout ratios during the period
of analysis, so that even the median ﬁrm in our sample had a zero payout ratio after 1985.
19as capital intensive, labor intensive or neutral. Using the NBER and U.S.
Census Bureau’s Center for Economic Studies (CES) database31 we classify
a four–digit SIC industry CAPITAL intensive if it has an average capital–
to–labor ratio above the 75th percentile and LABOR intensive if its average
capital–to–labor ratio is below the 25th percentile. Industries within the
interquartile range are considered NEUTRAL, and not further considered
here. The LABOR and CAPITAL categories of ﬁrms hold similar amounts
of cash relative to total assets, whether measured by mean or median with
little variation between each group.
3.2 The link between cash holdings and uncertainty
Tables 2–10 present our regression results obtained for equation (10) for
all ﬁrms and four category splits (large/small, low and high growth ﬁrms,
ﬁnancially constrained/unconstrained ﬁrms, and capital intensive/labor in-
tensive ﬁrms, respectively) in a one–digit SIC panel data context over the
period between 1970–2000. In those tables, we present GMM (instrumental
variables–generalized method of moments) estimation results,32 where the
macroeconomic uncertainty proxy Lwcvgdp is a weighted average of lagged
eﬀects.33,34 Column (2) of each table presents results of regressions adding
the detrended index of leading indicators (computed from DRI–McGraw Hill
31NBER-CES Manufacturing Industry Database, http://www.nber.org/nberces/, June
2000.
32The rationale for this approach is discussed above in section 2.2. Instruments employed
include the conditional variances of inﬂation, industrial production, short–term interest
rates and money growth as well as a linear time trend.
33We imposed an arithmetic lag on the values of the proxy variable for periods t − 1,
t − 2a n dt − 3, with weights 0.48, 0.34, 0.18 respectively, to capture the combined eﬀect
of contemporaneous and lagged uncertainty on cash holding behavior. Analysis based on
contemporaneous and once–lagged uncertainty yielded similar results.
34Use of similar measures based on the conditional variance of industrial production as
a regressor yielded qualitatively similar results. These are available from the authors upon
request.
20Basic Economics series DLEAD) as a control variable to check for stability of
our results while incorporating level eﬀects from the macroeconomic environ-
ment in the basic relationship. We consider the potential impact of interest
rates on cash–holding behavior in columns (3) and (4), which include the
three–month LIBOR rate (LIBOR3mo) and the three–month Treasury bill
rate (TB3mo) as proxies for the private cost of funds. Column (5) presents
results with LIBOR3mo, the more successful interest rate variable, and the
inﬂation rate added to the basic speciﬁcation. The last two rows of each
table report ˆ η, the estimated elasticities of the dispersion of the cash/asset
ratio with respect to Lwcvgdp, and their estimated standard errors, labelled
“s.e.”. All models contain dummies for six of the seven included one–digit
SIC categories (sicIx) to allow for diﬀerential baseline eﬀects of macroeco-
nomic volatility across industry groups.35
3.2.1 Results for all ﬁrms
Table 2 presents the relationship between the cross–sectional distribution
of non–ﬁnancial ﬁrms’ cash–to–asset ratio and a proxy for macroeconomic
uncertainty for the full sample. In all cases the coeﬃcient on the proxy for
macroeconomic uncertainty is signiﬁcantly negative at the 1% level. The
sign of the coeﬃcient and its signiﬁcance is robust to inclusion of additional
regressors which one may consider to have an impact on managers’ decision
making process. To provide a better insight, we compute the elasticities with
respect to the macroeconomic uncertainty measures for each model. We ﬁnd
that for each speciﬁcation the elasticity has a signiﬁcant magnitude: a 100%
increase in uncertainty will lead to a signiﬁcant decline in the dispersion of
35Recall that we investigate the behavior of the cross–sectional dispersion of the cash–
to–asset ratio in an industry–year panel context. Thus, our methodology does not allow
for ﬁrm–speciﬁc characteristics in the estimated equation.
21the cash–to–asset ratio, in a range between 18% and 57%. These results
bear out that ﬁrms will behave much more homogeneously, in terms of their
demand for liquid assets, in times of greater uncertainty.
3.2.2 Results for subsamples of ﬁrms
Having established the negative impact of uncertainty on the cross–sectional
dispersion of the cash–to–asset ratio for the full sample, we next investigate
if the predictions of the model hold for diﬀerent ﬁrm classiﬁcations. We
start our investigation by comparing the eﬀect of uncertainty between large
and small ﬁrms, as presented in Tables 3 and 4, respectively. The common
ﬁnding is that uncertainty will reduce the dispersion of cash–to–asset ra-
tios for both small and large ﬁrms, although uncertainty appears to have a
more substantial eﬀect on larger ﬁrms. The coeﬃcient for macroeconomic
uncertainty is negative and signiﬁcant at the 1% level for large ﬁrms and the
corresponding elasticity estimate is similar across the ﬁrst four speciﬁcations.
The elasticities for large ﬁrms have substantially higher values than those for
all ﬁrms: about 50% higher than the latter point estimates. In contrast, the
elasticities for small ﬁrms, in comparison to large ﬁrms, exhibit considerably
lower levels of sensitivity to macroeconomic uncertainty: close to one–third
of the corresponding estimates for large ﬁrms. Speciﬁcally, a 100% increase
in uncertainty would lead to about a 70% reduction in the dispersion of the
cash–to–asset ratio for large ﬁrms, while the eﬀect for the small ﬁrms is in
the vicinity of 25%. This diﬀerence may reﬂect the fact that small ﬁrms hold
signiﬁcantly larger amounts of cash than their larger counterparts, and are
thus able to make proportionally smaller adjustments to their cash holdings
when faced with shocks to their cash ﬂow.36 One may interpret these results
36In a relevant context, Kim et al. (1998, pp. 349–353) ﬁnd a negative relation between
a measure of liquidity (roughly our cash–to–asset ratio) and ﬁrm size as measured by the
22as suggesting that small ﬁrms ﬁnd more room to maneuver during turbulent
periods in comparison to larger ﬁrms.
Low–growth ﬁrms (reported in Table 5) are likely to be more mature
ﬁrms, perhaps those in declining industries. They exhibit signiﬁcant negative
eﬀects, with estimated elasticities of a similar magnitude to those for all
ﬁrms. In contrast, the impact of macroeconomic uncertainty on high–growth
ﬁrms (as reported in Table 6) is uniformly signiﬁcant and larger than that of
low growth ﬁrms (and that for all ﬁrms as well). The eﬀect of a doubling of
uncertainty on the cross–sectional dispersion of the cash–to–asset ratio will be
a reduction of approximately 35% and 55% for low– and high–growth ﬁrms,
respectively. These ﬁndings suggest that high–growth ﬁrms—likely to be
younger ﬁrms with substantial uncertainty about their near–term prospects,
and facing a high degree of asymmetric information—are more sensitive to
macroeconomic factors. Furthermore, one would expect that their access to
external ﬁnance may be limited, requiring them to behave more cautiously,
particularly in times of higher macroeconomic uncertainty. These results
are broadly in line with the previous literature: e.g., Harford (1999), who
ﬁnds a positive relation between industry–level market–to–book (MB) ratios
and ﬁrms’ cash–to–asset ratios. He states that MB ratios are proxies for
information asymmetry, with high values observed in ﬁrms which derive much
of their market value from ﬁrm growth opportunities and intangibles (p.
1973).
In Tables 7 and 8, we investigate the eﬀects of uncertainty on ﬁnan-
cially constrained and unconstrained ﬁrms. For the ﬁnancially constrained
ﬁrms, the eﬀects of macroeconomic uncertainty are substantial, with signif-
icant and sizable estimated elasticities, whereas for the unconstrained ﬁrms
market value of assets.
23macroeconomic uncertainty does not appear to have as large an eﬀect. A
100% increase in uncertainty leads to a reduction in the cross–sectional cash–
to–asset ratio dispersion for the ﬁnancially constrained ﬁrms ranging from
15% to 60%, whereas the equivalent point estimates for the unconstrained
ﬁrms lie between 8% and 20%. This result is also quite intuitive. As uncer-
tainty in the macroeconomic environment increases, ﬁnancially constrained
ﬁrms would want to augment their cash buﬀers substantially to weather the
storm, while the unconstrained ﬁrms can be expected to have more latitude
to behave idiosyncratically (including altering their dividend policy). This
result is broadly consistent with those of Almeida et al. (2004). They ﬁnd
that ﬁnancially constrained ﬁrms’ cash ﬂow sensitivity of cash holdings in-
creases during recessions, while unconstrained ﬁrms’ sensitivity is unaﬀected
by macroeconomic innovations.
Finally, we report how capital–intensive versus labor–intensive ﬁrms’
cash–to–asset ratio dispersion responds to macroeconomic uncertainty in Ta-
bles 9 and 10, respectively.37 Similar to the previous set of results, we obtain
signiﬁcant and negative eﬀects for both ﬁrm classiﬁcations. For each spec-
iﬁcation reported in Table 9, the computed elasticities for capital–intensive
ﬁrms are substantially larger than those of labor–intensive ﬁrms. While a
100% increase in uncertainty leads to an average 65% reduction in the dis-
persion of the cash–to–asset ratio for capital–intensive ﬁrms, it only causes a
50% decline in dispersion for labor–intensive ﬁrms. This ﬁnding may indicate
that capital–intensive ﬁrms may not be as ﬂexible as labor–intensive ﬁrms
due to costs of adjustment of their capital stock. Contrarily, it may be easier
for labor–intensive ﬁrms to adjust their operating costs in response to a cash
ﬂow shock.
37Recall that the data employed for this classiﬁcation utilize manufacturing ﬁrms (sic2x
and sic3x) only, for a total of 56 industry–year observations.
243.2.3 Summary ﬁndings
In summary, these results support for the model’s predictions that there
is a clear negative relationship between the variance of the cross–sectional
distribution of non–ﬁnancial ﬁrms’ cash–to–asset ratios and macroeconomic
uncertainty. We ﬁnd that the eﬀects of macroeconomic uncertainty on cor-
porate cash holdings are more pronounced for some categories of ﬁrms than
for others. Large ﬁrms with substantial exposure to macro demand condi-
tions exhibit greater sensitivity. Firms experiencing rapid growth, ﬁrms that
might be considered ﬁnancially constrained and capital–intensive ﬁrms are
also found to be quite sensitive to macroeconomic uncertainty. Firms that
are paying sizable dividends exhibit a lower sensitivity to these macro ef-
fects, while capital–intensive ﬁrms’ sensitivity is somewhat greater than that
of labor–intensive ﬁrms. The overall message of our analysis is that macroe-
conomic uncertainty is an important determinant of corporate cash holding
behavior, and the strength of those eﬀects systematically diﬀer with respect
to ﬁrm–speciﬁc characteristics.
4 Conclusions
In this paper we focus on the link between the dispersion of ﬁrms’ cash–
to–asset ratios and macroeconomic uncertainty using a panel of U.S. non–
ﬁnancial ﬁrms drawn from the COMPUSTAT database over the period 1970–
2000. Based on an augmented cash buﬀer–stock model, we demonstrate that
ﬁrms become more homogeneous in their cash–holding behavior in response
to an increase in macroeconomic uncertainty. Conversely, when the macroe-
conomic environment is more stable, ﬁrms have more latitude to behave
idiosyncratically, leading to a broadening of the cross–sectional dispersion of
25ﬁrms’ cash–to–asset ratios. To test the predictions of our model, we estimate
a simple reduced–form equation using an annual data set describing individ-
ual ﬁrms’ behavior and a proxy for macroeconomic uncertainty derived from
monthly estimates of real GDP. On the basis of our empirical ﬁndings, we
suggest that the cash holdings of large ﬁrms, high–growth ﬁrms, ﬁnancially
constrained ﬁrms and capital–intensive ﬁrms are more sensitive to variations
in macroeconomic volatility than are those of smaller or more slowly growing
ﬁrms, those which are labor–intensive or those which do not face ﬁnancial
constraints. These results are shown to be robust to the inclusion of the lev-
els of macroeconomic factors such as the index of leading indicators, the rate
of inﬂation, and short–term Treasury and LIBOR interest rates. Overall, our
ﬁndings verify and support the hypothesis that macroeconomic uncertainty
is a signiﬁcant determinant of ﬁrms’ cash holding behavior, with the size of
its impact diﬀering substantially across ﬁrm classiﬁcations.
26Appendix A
Construction of cash holdings and uncertainty measures
The following variables are used in the empirical study.
From Standard and Poor’s COMPUSTAT database:
DNUM: Industry Classiﬁcation Code
DATA1: Cash Holdings
DATA6: Total Assets




From the IMF’s International Financial Statistics:
66IZF: Industrial Production monthly
64XZF: Consumer Price Inﬂation
99BRZF: GDP at 1996 prices
From the DRI-McGraw Hill Basic Economics database:
DLEAD: index of leading indicators
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OPG standard errors in parentheses
Model is ﬁt to detrended log(Real GDP).
** signiﬁcant at 5%; *** signiﬁcant at 1%
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30Table 1: Mean of Annual Cash/Asset ratios: Descriptive statistics,
1970–2000
µσp 25 p50 p75 N
All ﬁrms 0.105 0.014 0.091 0.107 0.117 127,302
Small ﬁrms 0.135 0.014 0.121 0.139 0.147 18,592
Large ﬁrms 0.070 0.006 0.067 0.070 0.074 16,582
Low–growth ﬁrms 0.085 0.008 0.078 0.084 0.090 25,923
High–growth ﬁrms 0.121 0.025 0.099 0.125 0.147 25,871
Financially constrained ﬁrms 0.107 0.018 0.088 0.112 0.122 64,546
Unconstrained ﬁrms 0.094 0.008 0.089 0.093 0.101 29,869
Capital–intensive ﬁrms 0.102 0.110 0.026 0.062 0.138 38,113
Labor–intensive ﬁrms 0.102 0.115 0.025 0.059 0.138 32,428
Note: p25, p50 and p75 represent the quartiles of the distribution, while µ
and σ represent its mean and standard deviation. N refers to the number
of ﬁrm–years of data in each category which have been collapsed into 196
observations, identiﬁed by year and one–digit SIC category (56 observations
for capital– and labor–intensive categories).
31Table 2. Dispersion of Cash/Asset ratio for all ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -99.811 -91.653 -132.705 -135.272 -42.253
[15.832]*** [15.097]*** [20.638]*** [21.783]*** [13.165]***
sic1x -0.027 -0.027 -0.021 -0.021 -0.028
[0.009]*** [0.009]*** [0.009]** [0.009]** [0.006]***
sic2x -0.032 -0.032 -0.030 -0.030 -0.032
[0.009]*** [0.009]*** [0.009]*** [0.010]*** [0.005]***
sic3x -0.009 -0.007 -0.008 -0.008 -0.009
[0.010] [0.010] [0.010] [0.010] [0.006]
sic4x -0.035 -0.034 -0.031 -0.031 -0.034
[0.008]*** [0.008]*** [0.008]*** [0.009]*** [0.005]***
sic5x -0.042 -0.041 -0.039 -0.039 -0.042
[0.009]*** [0.009]*** [0.009]*** [0.010]*** [0.005]***
sic7x 0.025 0.026 0.027 0.027 0.024









Constant 0.191 0.185 0.187 0.191 0.162
[0.010]*** [0.009]*** [0.009]*** [0.010]*** [0.006]***
Observations 196 196 196 196 196
ˆ η -0.42 -0.39 -0.56 -0.57 -0.18
s.e. 0.07 0.07 0.09 0.09 0.06
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 127302 ﬁrm-year obs.
32Table 3. Dispersion of Cash/Asset ratio for large ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -109.217 -108.538 -111.583 -108.467 -59.384
[16.578]*** [16.608]*** [18.394]*** [17.979]*** [13.593]***
sic1x 0.028 0.029 0.027 0.027 0.032
[0.010]*** [0.009]*** [0.009]*** [0.009]*** [0.008]***
sic2x 0.022 0.022 0.023 0.023 0.026
[0.008]*** [0.007]*** [0.008]*** [0.008]*** [0.007]***
sic3x 0.037 0.037 0.038 0.038 0.041
[0.008]*** [0.007]*** [0.008]*** [0.008]*** [0.007]***
sic4x 0.025 0.025 0.025 0.025 0.028
[0.008]*** [0.008]*** [0.008]*** [0.008]*** [0.007]***
sic5x 0.012 0.013 0.013 0.013 0.016
[0.008] [0.008]* [0.008]* [0.008]* [0.007]**
sic7x 0.054 0.052 0.056 0.054 0.052









Constant 0.104 0.104 0.102 0.105 0.089
[0.011]*** [0.011]*** [0.011]*** [0.011]*** [0.010]***
Observations 195 195 195 195 195
ˆ η -0.75 -0.75 -0.78 -0.76 -0.41
s.e. 0.11 0.12 0.13 0.12 0.09
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 16582 ﬁrm-year obs.
33Table 4. Dispersion of Cash/Asset ratio for small ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -62.080 -56.067 -110.258 -115.591 -36.314
[18.153]*** [17.531]*** [21.104]*** [22.312]*** [17.040]**
sic1x -0.011 -0.007 -0.002 -0.001 -0.005
[0.011] [0.011] [0.010] [0.011] [0.009]
sic2x -0.014 -0.013 -0.012 -0.011 -0.014
[0.011] [0.011] [0.011] [0.012] [0.009]
sic3x -0.020 -0.020 -0.017 -0.016 -0.019
[0.010]* [0.010]** [0.010]* [0.010] [0.007]***
sic4x -0.004 -0.001 0.002 0.003 -0.000
[0.011] [0.011] [0.010] [0.011] [0.011]
sic5x -0.037 -0.035 -0.029 -0.028 -0.034
[0.010]*** [0.010]*** [0.010]*** [0.010]*** [0.008]***
sic7x 0.012 0.012 0.015 0.015 0.013









Constant 0.192 0.188 0.182 0.188 0.165
[0.013]*** [0.013]*** [0.012]*** [0.012]*** [0.010]***
Observations 196 196 196 196 196
ˆ η -0.21 -0.19 -0.38 -0.40 -0.12
s.e. 0.06 0.06 0.07 0.08 0.06
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 18592 ﬁrm-year obs.
34Table 5. Dispersion of Cash/Asset ratio for low–growth ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -77.636 -75.057 -72.834 -72.145 -22.851
[15.516]*** [16.052]*** [21.337]*** [23.390]*** [17.870]
sic1x -0.006 -0.002 -0.001 -0.001 -0.007
[0.011] [0.010] [0.010] [0.010] [0.009]
sic2x -0.022 -0.020 -0.019 -0.019 -0.023
[0.010]** [0.010]** [0.010]* [0.010]* [0.008]***
sic3x -0.008 -0.007 -0.004 -0.004 -0.009
[0.011] [0.010] [0.011] [0.010] [0.008]
sic4x -0.027 -0.023 -0.024 -0.024 -0.028
[0.010]** [0.010]** [0.010]** [0.010]** [0.008]***
sic5x -0.031 -0.028 -0.028 -0.028 -0.032
[0.011]*** [0.010]*** [0.010]*** [0.010]*** [0.008]***
sic7x 0.021 0.024 0.026 0.026 0.021









Constant 0.154 0.150 0.146 0.147 0.134
[0.012]*** [0.011]*** [0.010]*** [0.011]*** [0.008]***
Observations 196 196 196 196 196
ˆ η -0.38 -0.37 -0.36 -0.36 -0.11
s.e. 0.08 0.08 0.11 0.12 0.09
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 25923 ﬁrm-year obs.
35Table 6. Dispersion of Cash/Asset ratio for high–growth ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -133.811 -128.052 -161.531 -156.886 -53.126
[21.223]*** [20.496]*** [24.202]*** [24.343]*** [16.753]***
sic1x -0.016 -0.020 -0.016 -0.015 -0.020
[0.012] [0.012]* [0.012] [0.012] [0.008]**
sic2x -0.010 -0.011 -0.011 -0.010 -0.012
[0.011] [0.011] [0.011] [0.012] [0.006]*
sic3x 0.005 0.004 0.004 0.004 0.004
[0.012] [0.012] [0.012] [0.012] [0.008]
sic4x -0.023 -0.024 -0.022 -0.022 -0.026
[0.011]** [0.010]** [0.011]** [0.011]** [0.007]***
sic5x -0.033 -0.034 -0.034 -0.033 -0.035
[0.011]*** [0.011]*** [0.011]*** [0.012]*** [0.007]***
sic7x 0.034 0.034 0.035 0.035 0.032









Constant 0.200 0.198 0.196 0.200 0.167
[0.012]*** [0.012]*** [0.012]*** [0.012]*** [0.009]***
Observations 196 196 196 196 196
ˆ η -0.55 -0.53 -0.67 -0.65 -0.22
s.e. 0.09 0.09 0.10 0.10 0.07
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 25871 ﬁrm-year obs.
36Table 7. Dispersion of Cash/Asset ratio for ﬁn. constrained ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -90.363 -79.050 -146.602 -148.866 -33.815
[19.746]*** [18.640]*** [25.314]*** [26.887]*** [16.075]**
sic1x -0.031 -0.030 -0.020 -0.021 -0.029
[0.011]*** [0.011]*** [0.011]* [0.011]* [0.008]***
sic2x -0.025 -0.026 -0.023 -0.023 -0.025
[0.012]** [0.012]** [0.012]* [0.012]* [0.007]***
sic3x -0.003 -0.000 -0.001 -0.002 -0.004
[0.012] [0.012] [0.012] [0.012] [0.007]
sic4x -0.025 -0.022 -0.017 -0.017 -0.023
[0.010]** [0.010]** [0.010]* [0.011] [0.007]***
sic5x -0.044 -0.043 -0.037 -0.038 -0.043
[0.011]*** [0.011]*** [0.012]*** [0.012]*** [0.007]***
sic7x 0.025 0.026 0.028 0.027 0.023









Constant 0.187 0.180 0.182 0.188 0.154
[0.013]*** [0.012]*** [0.012]*** [0.013]*** [0.007]***
Observations 196 196 196 196 196
ˆ η -0.37 -0.32 -0.60 -0.61 -0.14
s.e. 0.08 0.08 0.11 0.11 0.07
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 64546 ﬁrm-year obs.
37Table 8. Dispersion of Cash/Asset ratio for ﬁn. unconstrained ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -40.975 -43.484 -39.132 -40.125 -17.146
[12.846]*** [12.759]*** [17.657]** [17.665]** [12.362]
sic1x -0.014 -0.015 -0.013 -0.013 -0.013
[0.007]* [0.007]** [0.007]* [0.007]* [0.007]*
sic2x -0.032 -0.032 -0.032 -0.032 -0.033
[0.006]*** [0.006]*** [0.006]*** [0.006]*** [0.006]***
sic3x -0.023 -0.023 -0.023 -0.022 -0.023
[0.007]*** [0.007]*** [0.007]*** [0.007]*** [0.007]***
sic4x -0.041 -0.042 -0.041 -0.041 -0.041
[0.007]*** [0.007]*** [0.007]*** [0.007]*** [0.007]***
sic5x -0.032 -0.032 -0.031 -0.031 -0.032
[0.007]*** [0.007]*** [0.007]*** [0.007]*** [0.007]***
sic7x 0.027 0.026 0.027 0.027 0.027









Constant 0.151 0.153 0.150 0.151 0.143
[0.008]*** [0.008]*** [0.008]*** [0.008]*** [0.007]***
Observations 196 196 196 196 196
ˆ η -0.18 -0.20 -0.18 -0.18 -0.08
s.e. 0.06 0.06 0.08 0.08 0.06
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 29869 ﬁrm-year obs.
38Table 9. Dispersion of Cash/Asset ratio for capital–intensive ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -137.329 -132.331 -172.872 -174.406 -68.360
[25.071]*** [24.304]*** [35.938]*** [37.309]*** [20.142]***
sic2x -0.022 -0.023 -0.021 -0.020 -0.021









Constant 0.192 0.190 0.194 0.197 0.158
[0.013]*** [0.012]*** [0.014]*** [0.014]*** [0.010]***
Observations 56 56 56 56 56
ˆ η -0.63 -0.61 -0.82 -0.82 -0.32
s.e. 0.12 0.11 0.18 0.18 0.09
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 38113 ﬁrm-year obs.
39Table 10. Dispersion of Cash/Asset ratio for labor–intensive ﬁrms 1970–2000
(1) (2) (3) (4) (5)
RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig RAT1 Sig
Lwcvgdp -107.769 -97.864 -161.006 -161.035 -42.503
[29.954]*** [28.132]*** [38.253]*** [39.288]*** [21.185]**
sic2x -0.026 -0.028 -0.022 -0.022 -0.023









Constant 0.182 0.177 0.182 0.187 0.146
[0.014]*** [0.013]*** [0.015]*** [0.015]*** [0.012]***
Observations 56 56 56 56 56
ˆ η -0.48 -0.44 -0.74 -0.74 -0.19
s.e. 0.14 0.13 0.18 0.18 0.10
Robust standard errors in brackets
* signiﬁcant at 10%; ** signiﬁcant at 5%; *** signiﬁcant at 1%
Estimation by HAC IV–GMM. SD based on 32428 ﬁrm-year obs.
40